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ABSTRACT – The study of genetic diversity is fundamental in the preliminary selection of accessions with superior characteristics
and for a successful use of these genotypes in breeding programs. The purpose of this study was to evaluate, as a strategy for genetic
diversity analysis, the bioinformatics approach called artificial neural network. Based on the average of three growing seasons,
eight quantitative traits and thirty-seven papaya accessions were evaluated in a randomized complete block design, with two
replications. By Anderson’s discriminant analysis, 91.90 % of the accessions were correctly classified in the groups previously
defined by artificial neural network. It was concluded that the technique of artificial neural network is feasible to classify the
accessions. The presence of significant genetic diversity among accessions was observed.
Key words: bioinformatics; multivariate analysis; plant breeding.
INTRODUCTION
Plant breeding is the most valuable strategy to increase
productivity in a sustainable and ecologically balanced
way. The genetic variability indicates the possibility of
preliminary selection of accessions with superior
characteristics and a successful use of these genotypes
in breeding programs  (Dantas and Morales 1996).
The genetic diversity in germplasm collections can
be studied based on qualitative or quantitative morphological
traits. In this case, several statistical techniques can be
used to predict diversity.
For papaya, such studies have been conducted
focusing on the evaluation of segregating populations by
estimating genetic parameters, using selection indices and
estimates of correlations among traits related to fruit yield
and quality. In addition, these studies were supported by
classical procedures and/or assisted by DNA markers
(Silva et al. 2007a, 2007b, 2007c, 2007d, Ramos et al. 2007a,
b, c, Silva et al. 2008).
In other perennial species, the multivariate approach
has been successfully used to detect genetic diversity in
study populations.
This approach was also used to characterize the
genetic structure of the sampled plants as criteria and
indicators for the selection of promising genotypes for
breeding programs, aside from the conservation of
germplasm of the sampled species (Arriel et al. 2006,
Oliveira et al. 2006, Viana et al. 2006, Oliveira et al. 2007,
Silva et al. 2009).
Bioinformatics refers to the application of computational
and mathematical techniques in biological analysis. The
artificial neural network is a bioinformatics technique with
multivariate approach.
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Bioinformatics approaches can be applied to any
situation of fruit tree cultivation in which one wants to
predict something, recognize a pattern, or as cluster
analysis technique (Ruggiero et al. 2003).
The use of artificial neural network technology has
been fit into the context of agriculture in different ways,
e.g., in the identification of early stages of pest or disease
development, the classification of satellite images for
various purposes (Chagas et al., 2007, 2009, Costa and
Souza Filho 2008, Schimith et al. 2009, Vieira et al. 2009,
Watanabe et al. 2009, França 2010), or to control robots
(Pessin et al. 2007), among others.
According to Galvão et al. (1999), due to its non-
linear structure, artificial neural networks can capture more
complex features of the data, which is not always possible
with traditional statistical techniques. For Sudheer et al.
(2003), the greatest advantage of artificial neural networks
over conventional methods is that they do not require
detailed information about the physical processes of the
system to be modeled.
The use of neural networks associated with
classification methods is a promising path. These
classifiers have the advantage of being nonparametric,
requiring small samples for training (Kavzoglu and Mather
2003) and tolerate missing data (Bishop 1995).
In this sense, the purpose of this study was to
evaluate the feasibility of artificial neural networks as a
technique for genetic diversity analysis of Carica papaya
L., implementing an artificial neural network (computer
program), according to the model proposed by Kohonen
(1982), which can propose a classification and the formation
of divergent groups of the study accessions based on
data extraction from the database.
MAT ERIAL  AND  METHODS
Experimental design and plant material
In three growing seasons (May 2007, August 2007
and November 2008), 37 accessions of the germplasm bank
were assessed on the Fazenda Caliman Agrícola S/A, in
Linhares, State of Espirito Santo.
The experiment was arranged in a randomized block
design, suitable for germplasm evaluation, with two
replications, with 20 plants per plot in double rows, spaced
3.6 x 2.0 x 1.5 m. Once planted, the accessions were
evaluated in three growing seasons.
Since the genetic diversity is verified based on the
study of plant and agronomic traits n the search for genetic
variability, the following traits were evaluated: fruit weight,
fruit length, fruit diameter, flesh thickness, firmness,
external and internal fruit, soluble solids and incidence of
skin freckles.
In all measurements three fruits at the stage of
maturity (yellowing) were used from three plants per plot.
The average fruit weight was determined on an electronic
scale. Fruit length (longitudinal) and diameter (transversal)
were measured with calipers. The flesh thickness was
measured as lateral length of the fruit flesh, using a caliper.
The fruit firmness was measured after dividing the fruit in
half, in the transverse direction. The firmness was
determined at four equidistant points on each fruit half, at
a distance of 0.5 cm from the skin, based on resistance to
penetration of the flesh. For this purpose, a penetrometer
(Fruit Pressure Tester, Italy; model 53205) with an adapter
(height 3.0 cm, diameter 3.0 cm) was used.
The content of soluble solids of the fruit juice was
read, using a portable refractometer Atago N1, with
readings ranging from 0° to 32° Brix. The juice was extracted
from a sample of flesh tissue from the middle of the fruit,
using a hand juicer. The incidence of physiological leaf
spot was determined on a 0 - 5 score scale, according to
the incidence degree and means calculated based on three
scores of each sample.
Papaya (Carica papaya L.) accessions of the groups
Solo and Formosa were evaluated (Table1).
Artificial neural network
To study the genetic diversity among accessions, a
computer program for artificial neural networks was
implemented. The development methodology was based
on the model of Kohonen (1982).
There are many models of artificial neural networks,
but the one proposed by Kohonen (1982) has the
advantage of not requiring any theory for the data
organization, making it suitable for this study.
The traditional Kohonen model was modified,
according to the characteristics and needs of this study.
The methodology presented here was based on concepts
proposed by Haykin (2001).
The artificial neural network consisted of an n x m
input matrix, where n are accessions and m input elements
or characters, which together represent the input vector
X, and of  k output neurons, representing the classes into
which the accessions can be grouped, determined as:
n = 37 accessions, m = 8 characters and k = 4 classes.226                                                                                                        Crop Breeding and Applied Biotechnology 11: 224-231, 2011
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The definition of the number of groups was random
and is an adjustable parameter in the program developed.
For a given input, only one output neuron is activated,
indicating the class to which the accession belongs. The
classes should group accessions with similar characteristics.
Consequently, the classification was based on similarity
of values.
The process consisted of finding the best-matching
neuron in terms of similarity (winner) i(X) in time step t,
using the criterion of minimum distance between accessions.
An input pattern to the neural network considered
the average of the three growing seasons and was
expressed as:
Xn = [xn1, xn2, ..., xn8], n = 1, 2, ..., 37
It was assumed that the synaptic weight vector
represented the characteristic plant of the group formed
and was randomly defined, based on the input data, as
follows:
Wk = [wk1, wk2, ..., wk8], k = 1, 2, 3, 4.
The synaptic weight vector is the criterion for
acceptance or rejection of a group of accessions or plants.
The similarity between the input and the neuron was
measured as the average Euclidean distance between
vectors Xn and Wk, calculated by:
The output layer unit with the lowest average Euclidean
distance is considered the best. When using index i(X) to
identify the most similar neuron to vector Xn, known by
the network at the moment, i(X) is expressed as:
Subsequently, the synaptic weight vectors of neurons
were adapted, according to the updating formula below.
Given the synaptic weight vector Wk(t) of neuron k
at time t, the updated weight vector Wk(t+1) at time t +1
was defined by (Kohonen 1982) as:
        Wk(t+1)= Wk(t)+ η(t) (Xn - Wk(t))
which was applied to the winner neuron i, where  η(t) was
the parameter of the learning rate and must be variable in
time, initiated with a value close to 0.1 that must gradually
decrease but remain above 0.01. The learning rate determines
the speed at which the network stabilizes.
Anderson’s discriminant analysis
The multivariate technique, called discriminant
function, proposed by Anderson (1958), was used in this
study to verify the consistency of grouping by artificial
neural network analysis.
The groups were defined by the neural network and
compared with clustering by Anderson’s discriminating
technique. Based on Anderson’s discriminating technique,
the percentage of correct and incorrect classification of
any other technique can be determined.
Using the discriminant functions and data of the
proper populations pj,, the apparent error rate (AER) was
estimated, which measures the efficiency of these functions
to classify the accessions correctly in the previously
established populations.
The apparent error rate was given by the ratio between
the number of erroneous classifications and the total number
of classifications (Cruz and Carneiro 2003), according to:
where mj  is the number of observations of population pj,
which were, by means of discriminant functions classified
in another population pj’, where j’ = j and j = 1,2,..., g
populations.
Considering:
where nj is the number of observations related to population
pj.
RESULTS AND DISCUSSION
Artificial neural network
The classification by the artificial neural network,
based on mean values of three growing seasons, considering
eight quantitative traits in 37 accessions, is presented in
Table 2.
Four groups were estimated for the classification, to
ensure the distinction of the accessions in groups, based
on the main characteristics.
Group 1, with most accessions, was composed of 15
accessions of the group Solo and three accessions of
Formosa, which produced the smallest fruits. The average
values of the fruit characteristics were fruit weight 378.72 g,
fruit length, 12.96 cm, fruit diameter 7.90 cm, flesh thickness
2.16 cm, external fruit firmness 86.87 N and flesh firmness
64.48 N.Crop Breeding and Applied Biotechnology 11: 224-231, 2011  227
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Group 2 consisted of two accessions of the Formosa
group, which produce the largest fruits. The average values
of the fruit characteristics were fruit weight 2159.72 g, fruit
length 29.13 cm, fruit diameter 12.57 cm, flesh thickness
3.16 cm, external fruit firmness of 194.68 N and flesh firmness
146.61 N.
Group 3 comprised two Solo and seven Formosa
accessions. The average fruit weight was 640.81 g, average
fruit length 17.24 cm, average fruit diameter of 9.21 cm,
average flesh thickness of 2.49 cm, external fruit firmness
142.94 N and flesh firmness 104.67 N.
Group 4 consisted of eight accessions of the Formosa
group. The mean fruit traits were fruit weight 1142.95 g,
fruit length 22.44 cm, fruit diameter 10.47 cm, flesh thickness
of 2.89 cm, external fruit firmness 184.52 N and flesh
firmness 139.46 N.
The presence of genetic diversity was significant,
as the formation of heterotic groups demonstrated.
The groups generated by the artificial neural network
facilitate the selection of divergent genotypes for improvement
by the generation of hybrids, since they allow the selection
of genotypes indicated for crosses from different heterotic
groups. Thus, the probability of obtaining superior genotypes
is greater.
In studies considering the same population evaluated
in this study (Quintal et al. 2007a), the genetic parameters
(variances) were estimated, observing the phenotypic
variability for all traits in question, thus confirming the
possibility of identifying genotypes.
By other techniques, Quintal et al. (2007b) showed
the presence of genetic variability in these accessions
and reported a significant difference for the genotype effect,
for the traits assessed in this study.
The possibility of parent selection for breeding
programs targeting superior genotypes in Carica papaya
L. populations was corroborated, e.g., by Cardoso et al.
(2009), who observed high genetic diversity of traits related
to papaya seed quality, and in studies published by Silva
et al. (2007b, 2008) that also indicate the availability of
genetic variability among Carica papaya L accessions.
In the groups formed by the estimation of genetic
divergence between genotypes in the study population,
one must compare the existing possibilities for the case of
perennial plants with sexual propagation, with the possibility
to obtain lines via selfing and/or to obtain new hybrids.
For the selection of new crosses, in order to exploit
heterosis and allele diversity, the agronomic performance
of genotypes should also be taken into account, to indicate
crosses between the most divergent genotypes with best
agronomic performance in the traits studied. This should
lead to a better allele complementation, resulting in improved
genotype performance in future generations.
Another possibility is to directly recommend promising
genotypes for further evaluation together with other
accessions, to assess the possibility of their recommendation
as new varieties.
These indications of crosses agree with Dias et al.
(1994), who emphasized the possibility of considering not
individual genotypes but a genotype group, in studies
involving a large number of genotypes. In this case, crosses
among accessions from the most distant groups and with
agronomic traits of interest are to be preferred.
Considering that the synaptic weights were randomly
generated at the implementation of the artificial neural
network and that these initial values  could affect the final
classification, two types of synaptic weights were used.
Random weights were used as well as weights representing
the averages of the groups proposed by the principal
component technique, resulting in no difference in the
classification.
In the development of the neural network, two
databases were tested to feed the input layer of the
network; original means and standardized means, by the
technique of principal components.
It was observed that the neural network was not
influenced by the scale of input data. The classification
by original data was the same as when using standardized
data.
An important aspect that should be emphasized is
that the data are very group- specific. The neural network
tends to perform best when the data are more heterogeneous,
characterizing the plants with regard to their groups.
Anderson’s discriminant analysis
This procedure was adopted on the assumption that
the group to which the accessions belong is known. Thus,
the consistency of the grouping was verified by Anderson’s
discriminant analysis, as described by Cruz and Carneiro
(2003).
When considering the group proposed by the artificial
neural network, the apparent error rate, according to
Anderson’s discriminant analysis, was 8.10 %. That is,
based on Anderson’s discriminant analysis, 91.90 % of
the accessions were classified correctly in the previously
defined groups.
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The percentage of correct and incorrect classification
of each group, detected by Anderson’s discriminant analysis,
based on the classification proposed by the neural network,
as shown in Table 3, should be analyzed as follows: in the
main diagonal is the percentage of correct classification
for each group. All other fields correspond to
misclassification. To determine the percentage of
misclassification of a particular group, the respective row
should be consulted.
For example, according to Anderson’s discriminant
analysis, the artificial neural network classified 94.44 % of
the accessions correctly in group 1 while 5.56 % of the
accessions that should belong to group 1 were incorrectly
classified in group 3. Mariot et al. (2008) worked with
accessions of M. ilicifolia and M. aquifolium and found
an apparent error rate of 10.48 % when the accessions
Table 1. Accessions of the Carica papaya L germplasm bank of Caliman/UENF, of the groups Solo and Formosa evaluated
Table 2. Papaya (Carica papaya L.) accessions grouped by the artificial neural network, based on the means of three growing seasons,
considering eight quantitative traits evaluated in 37 accessions
Table 3. Percentage of correct and incorrect classification of each
group, tested by Anderson’s (1958) discriminant analysis, in the
classification proposed by the artificial neural network, considering
eight quantitative traits evaluated in 37 accessions of Carica papaya
L.
were grouped by the Tocher method, which was considered
adequate by the authors.
The consistency of clusters of Brachiaria species
was verified by Assis et al. (2003), based on Anderson’s
discriminant analysis, and found high apparent error rates,
as for example, 69.33 % for B. brizantha.Crop Breeding and Applied Biotechnology 11: 224-231, 2011  229
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Sudre et al. (2006) concluded that the discriminant
function of Anderson is highly promising  for the
characterization and management of germplasm banks, as
an additional tool to measure the consistency of the
classification based on the various multivariate analysis
methods used.
Rede neural artificial na análise da divergência Rede neural artificial na análise da divergência Rede neural artificial na análise da divergência Rede neural artificial na análise da divergência Rede neural artificial na análise da divergência
genética em  genética em  genética em  genética em  genética em Carica papaya Carica papaya Carica papaya Carica papaya Carica papaya L.  L.  L.  L.  L.
RESUMO - O estudo da diversidade genética é de fundamental importância na seleção preliminar de acessos com características
superiores e a utilização desses materiais com sucesso em programas de melhoramento genético. O objetivo deste trabalho foi
avaliar, como estratégia de análise da diversidade genética, a técnica de bioinformática denominada rede neural artificial. Foi
considerada a média de três épocas de plantio, oito caracteres quantitativos e trinta e sete acessos de mamoeiro, utilizando-se o
delineamento em blocos casualizados com duas repetições. Com base na análise discriminante de Anderson, 91,90 % dos acessos
foram classificados corretamente nos grupos previamente definidos pela rede neural artificial. Concluiu-se que a técnica de rede
neural artificial se demonstrou viável na classificação dos acessos. Observou-se a presença significativa de diversidade genética
entre os acessos avaliados.
Palavras-chave: bioinformática; análise multivariada; melhoramento genético vegetal.
ACKNOWLEDGEMENTS
The authors are indebted to the Financiadora de
Estudos e Projetos (FINEP) and the company Caliman
Agrícola S/A, for supporting this research.
REFERENCES
Anderson TW (1958) An introduction to multivariate statistical
analysis. John Wiley & Sons, New York, 221p.
Arriel EF, Paula RC, Rodrigues TJD, Bakke AO and Arriel NHC
(2006) Divergência genética entre progênies de Cnidoscolus
phyllacanthus submetidas a três regimes hídricos. Científica
34: 229-237.
Assis GML, Euclydes RF, Cruz CD and Valle CB (2003)
Discriminação de espécies de Brachiaria baseada em diferentes
grupos de caracteres morfológicos. Revista Brasileira de
Zootecnia 32: 576-584.
Bishop CM (1995) Neural networks for pattern recognition.
Oxford University Press, New York, 482p.
Cardoso DL, Silva RF, Pereira MG, Viana AP and Araújo EF (2009)
Diversidade genética e parâmetros genéticos relacionados à
qualidade fisiológica de sementes em germoplasma de mamoeiro.
Revista Ceres 56: 572-579.
Chagas CS, Fernandes Filho EI, Vieira CAO and Carvalho Júnior W
(2007) Utilização de redes neurais artificiais para predição de
classes de solo em uma bacia hidrográfica no Domínio de Mar
de Morros. In Anais XIV simpósio brasileiro de
sensoriamento remoto. INPE, Natal, p. 2421-2428.
Chagas CS, Vieira CAO, Fernandes Filho EI and Carvalho Junior W
(2009) Utilização de redes neurais artificiais na classificação de
níveis de degradação em pastagens. Revista Brasileira de
Engenharia Agrícola e Ambiental 13: 319-327.
Costa FHS and Souza Filho CR (2008) Aplicação de redes neurais
artificiais para reconhecimento de padrões em solos. In Anais
XIV simpósio brasileiro de sensoriamento remoto. INPE,
Natal, p. 5177-5183.
Cruz CD and Carneiro PCS (2003) Modelos biométricos
aplicados ao melhoramento genético. Vol. 2, UFV, Viçosa,
585p.
Dantas JLL and Morales CF (1996) Caracterização de germoplasma
de mamão (Carica spp.). Revista Brasileira de Fruticultura
18: 295-309.
Dias LAS, Kageyama PY and Castro GCT (1994) Divergência
genética multivariada na preservação de germoplasma de cacau
(Theobroma cacao L.). Agrotrópica 9: 29-40. 
França MM (2010) Análise do uso da terra no município de Viçosa-
MG mediado por classificações supervisionadas com redes
neurais artificiais e Maxver. Revista Brasileira de Geografia
Física 2: 92-101.230                                                                                                        Crop Breeding and Applied Biotechnology 11: 224-231, 2011
CD Barbosa et al.
Galvão CO, Valença MJS, Vieira VPPB, Diniz LS, Lacerda EGM,
Carvalho ACPLF and Ludermir TB (1999) Sistemas
inteligentes: aplicações a recursos hídricos e ciências
ambientais. UFRGS/ABRH, Porto Alegre, 246p.
Haykin S (2001) Redes neurais: princípios e prática.
Bookman, Porto Alegre, 900p.
Kavzoglu T and Mather PM (2003) The use of backpropagation
artificial neural networks in land cover classification.
International Journal of Remote Sensing 24: 4907-4938.
Kohonen T (1982) Self-organized formation of topologically
correct feature maps. Biological Cybernetics 43: 59-69.
Mariot MP, Barbieri RL, Sinigaglia C and Ribeiro MV (2008)
Variabilidade em matrizes de acessos de espinheira-santa.
Ciência Rural 38: 351-357.
Oliveira CAM, Silva EF, Molina SG, Ferreira R, Lira DAS and
Barros Junior JAB (2006) Diversidade e estrutura genética em
populações de Caesalpinia achinata (Lam.) na Estação
Ecológica do Tapacurá-PE. Scientia Forestalis 70: 77-83.
Oliveira MSP, Ferreira DF and Santos JB (2007) Divergência
genética entre acessos de açaizeiro fundamentada em descritores
morfoagronômicos. Pesquisa Agropecuária Brasileira 42:
501-506.
Pessin G, Osório F, Musse S and Nonnemmacher V (2007)
Utilizando redes neurais artificiais no controle de robôs móveis
aplicados no combate de incêndios. In XVI seminário de
computação. Blumenau, p. 19-30.
Quintal SSR, Viana AP, Pereira MG and Ferreguetti GA (2007a)
Parâmetros genéticos em genótipos de mamoeiros cultivados
no norte do Espírito Santo. In Boletim técnico da III reunião
de pesquisa de frutimamão 1: 180-182.
Quintal SSR, Viana AP, Pereira MG and Ferreguetti GA (2007b)
Estimativa da diversidade genética em genótipos de mamoeiro
com base em estudos morfoagronômicos. In Boletim técnico
da III reunião de pesquisa de frutimamão 1: 183-184.
Ramos HC, Pinto FO, Silva FF and Pereira MG (2007a)
Monitoramento do nível de homozigose e análise genômica na
geração de S2 de mamoeiro (Carica papaya L.) via marcador
microssatélite. Boletim técnico da III reunião de pesquisa
de frutimamão 1: 214-217.
Ramos HC, Pinto FO, Silva FF and Pereira MG (2007b)
Desenvolvimento de marcadores microssatélites para mamão
(Carica papaya L.). Boletim técnico da III reunião de
pesquisa de frutimamão 1: 218-222.
Ramos HC, Pinto FO, Silva FF and Pereira MG (2007c)
Genotipagem de população segregante de retrocruzamento em
mamoeiro (Carica papaya L.) via marcadores microssatélites.
In Martins DS, Costa NA and Costa AFS (eds.) Papaya Brasil:
manejo, qualidade e mercado do mamão. Incaper, Vitória,
p. 360-362.
Ruggiero C, Durigan JF, Goes A, Natale W and Benassi AC (2003)
Panorama da cultura do mamão no Brasil e no mundo: situação
atual e tendências. In Martins DS (ed.) Papaya Brasil:
qualidade do mamão para o mercado interno. Incaper,
Vitória, p. 13-34.
Schimith R, Gleriani JM, Soares VP, Silva E, Martins SV and Pinto
FAC (2009) Generalização temporal de redes neurais artificiais
na classificação espectro-temporal de culturas agrícolas. In
Anais XIV simpósio brasileiro de sensoriamento remoto.
INPE, Natal, p. 459-466.
Silva EF, Martins LSS and Oliveira VR (2009) Diversity and genetic
structure in cajá tree (Spondias mombin L.) populations in
northern Brazil. Revista Brasileira de Fruticultura 31: 171-
181.
Silva FF, Pereira MG, Campos WF, Damasceno Junior PC, Pereira
TNS, Souza Filho GA, Ramos HC, Viana AP and Ferreguetti GA
(2007a) DNA marker-assisted sex conversion in elite papaya
genotype (Carica papaya L.). Crop Breeding and Applied
Biotechnology 7: 52-58.
Silva FF, Pereira MG, Damasceno Junior PC, Daher RF, Pereira
TNS, Souza Filho GA, Viana AP and Ferreguetti GA (2007b)
Monitoring of the genetic variability in papaya parent ‘Formosa’
of ‘UENF/CALIMAN01’ hybrid via RAPD. Crop Breeding
and Applied Biotechnology 7: 36-42.
Silva FF, Pereira MG, Damasceno Junior PC, Pereira TNS, Viana
AP, Daher RF, Ramos HC and Ferreguetti GA (2007c)
Evaluation of the sexual expression in a segregating BC1 papaya
population. Crop Breeding and Applied Biotechnology 7:
16-23.
Silva FF, Pereira MG, Ramos HC, Damasceno Junior PC, Pereira
TNS and Ide CD (2007d) Genotypic correlations of morpho-
agronomic traits in papaya and implications for genetic
breeding. Crop Breeding and Applied Biotechnology 7:
345-352.
Silva FF, Pereira MG, Ramos HC, Damasceno Junior PC, Pereira
TNS, Viana AP, Daher RF and Ferreguetti GA (2008) Estimation
of genetic parameters related to morpho-agronomic and fruit
quality traits of papaya. Crop Breeding and Applied
Biotechnology 8: 65-73.
Sudheer KP, Gosain AK and Ramasastri KS (2003) Estimating
actual evapotranspiration from limited climatic data using neural
computing technique. Journal of Irrigation and Drainage
Engineering 129: 214-218.
Sudre CP, Cruz CD, Rodrigues R, Riva EM, Amaral Junior AT, Silva
DJH and Pereira TNS (2006) Variáveis multicategóricas na
determinação da divergência genética entre acessos de pimenta
e pimentão. Horticultura Brasileira 24: 88-93.
Viana AP, Pereira TNS, Pereira MG, Souza MM, Maldonado JFM
and Amaral Júnior AT (2006) Genetic diversity in yellow passion
fruit populations. Crop Breeding and Applied
Biotechnology 6: 87-94.Crop Breeding and Applied Biotechnology 11: 224-231, 2011  231
Artificial neural network analysis of genetic diversity in Carica papaya L.
Vieira TGC, Lacerda WS and Botelho TG (2009) Mapeamento de
áreas cafeeiras utilizando redes neurais artificiais: estudo de
caso na região de Três Pontas, Minas Gerais. In Anais XIV
simpósio brasileiro de sensoriamento remoto. INPE,
Natal, 7947-7954.
Watanabe FSY, Imai NN, Samizava TM and Rocha PC (2009)
Classificação da vegetação de áreas úmidas baseada em redes
neurais artificiais: estudo de caso da planície fluvial do alto rio
Paraná. In Anais XIV simpósio brasileiro de
sensoriamento remoto. INPE, Natal, 5515-5522.